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A Long-Temm Pursuit

Hippocrates (c.408.c.-c.3708.C)

@ On diseases, make a habit of two things—to help, or at

least to do no harm.
Epidemics, in Hippocrates, trans. W. H. S. Jones (1923), Vol. |, 165.

e ...itis worth learning from everyone; for people do not
discover these by reasoning but by chance, and experts not

more than laymen.
Affections, in Hippocrates, trans. P. Potter (1988), Vol. 5, 69. Littré VI, 254.

Attaining dream of evidence-based reasoning
through advances in computer science.



Fueling Pursuit of the Dream

Ignificant advances made possible via long-
term funding by prescient federal agencies

@ Critical NIH, NSF, ONR, DARPA support for decades
e Al in Medicine (AIM) in 1980s > Core CS |

@ Ignited veritable revolution in machine
intelligence

@ Core advances in context of AIM:
representation, inference, decision making,
machine learning for medical applications.



Exciting Times

7 Learning & reasoning prowess

1 Sensing, interaction, ubiquity

1 Computation & connectivity

1 Data capture = learning, decisions



\Wrestliing with a Bottleneck

7 Learning & reasoning prowess

1 Sensing, interaction, ubiquity

1 Computation & connectivity

v Data capture - learning, decisions




Enabling Evidence-Based Medicine

@ Wellness and prevention

Data capture - learning, decisions




Advances in Representation & Reasoning
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& Microsoft Pregnancy and Child Care
Horme o To 4= =+ Find Cptions

What"s Hew
Click here for thiz month's highlight= in Microsoft Pregnancy
and Child Care.

Library
To browe=ze through illustrated adicles on pregnancy | hirth,
and early child care, click here.

Find By Word
If wou know wwhiat wou're looking for, click here to zearch the
Library by keywords.

Find By Symptom

Click here to find useful information in tkhe Library relsted to
children's symptoms.

Community Center
Have a story to share? YWant to send us mail’? Click here to
access our community bulletin boards.




Expert Knowledge in Decision Support

Deaescribe the child | Age: IT::uddIer ¥ | Sex: |Female |

inthe drop-down boxes at the ] _ _
right . Relevant information il Complaint: I Abdominal pain
appear below

| 4

Localized pain: Can the child localize, or
piaint 1o, the site of the pain®?
()1 Mo, unahle to localize

| Results so far

Disorder | Relevance

Hext== Finish

|
|
|
|
|
(_) Below the navel to the child's left o wiral gastroenterti= ([
() Above the child's navel ! o
(C) Either of the child's sides  Peychosomatic pain [
() Below the navel to the child's right ' Urinary tract infection l
(1 Above the navel to the child's right :
() Ahove the navel to the child's lett v ther [
(1 Dan't Know !
Start Over Review :
:
|







Data - Predlctlon % DeC|S|ons

under uncertalnty

Case library

- ® «—— Data

Predlctlve Model

H
@&——> Predictions
\Demsmn Model

0—> Decisions



Example:
ReducingHespitalikeadmissions

.
_

Bayati, Braverman, Gillam, Koch, Singh, Smith, H.



Costly Challenge

o ™ NEW ENGLAND
"' JOURNAL#MEDICINE

A T

e MRS il Sabee 0

Renospialaanons among Panents in the Medicare Fee 4or Sanvice

ot F oy MO NN Nt T Wi ND o 2 Tk ND_ WP




Leaming from a Case Library

o All visits during the years 2001 to 2009
(e.g., ~300,000 ED visits)

Admissions, discharge, transfer (ADT)
Chief complaint in free text

Age, gender, demographics
Diagnosis codes (ICD-9)

Lab results and studies
Medications

Vital signs

Procedures

Locations in hospital

Admitting and attending MD codes
Fees and billing

® ® ®» ® ®» ® ® ® ® ® @

~25,000 variables considered in dataset



Building a Predictive Model for Readmission




Performance of Classifier for Readmission
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ldentifying Evidential Relevance

Feature description Frequency

0.68398 Dx0->2 = Excessive vomiting in preghancy 0.31%
0.61306 Dx3->2 = Personal history of malignant neoplasm

0.56708 Dx0->1 = Nephritis, nephrotic syndrome, and nephrosis 0.09%
0.56649 Dx3->2 = Heart failure 0.28%
0.54663 Complaint sentence contains "suicidal" 0.17%
0.48415 Dx1->2 = Disorders of function of stomach 0.07%
0.47257 Dx5->0 = Diseases Of The Genitourinary System 0.15%
0.46136 Dx0->2 = Chronic airway obstruction, not elsewhere classified 0.10%
0.44555 Dx4->2 = Depressive disorder, not elsewhere classified 0.10%

_ U445/  Stayed l4noursintheth 0000000000000 V0w @
0.43890 Dx0->1 = Other psychoses 0.32%
0.43513 Dx0->0 = Diseases Of The Blood And Blood-Forming Organs 0.46%
0.42582 Complaint sentence contains "dialysis" 0.19%
0.41888 Dx0->2 = Depressive disorder, not elsewhere classified 0.27%
0.41302 Dx1->1 = Nephritis, nephrotic syndrome, and nephrosis 0.29%

0.37474 69 < Age 9.22%



| Take Action o Reduce Readmissions?

@ Interventions are costly but promise
reduced likelihood of readmission

Post-discharge care coordination
Patient education

Scheduled outpatient visits
Telemedicine, connected health

® ® ® @

Experiences with costs and efficacies
reported in literature.



Analysis of Value of Decision System

‘= Costs, efficacy from studies

o | For 2008:
\ > 62,000 visits to ED
1 I, » 2,200 readmissions within 30 days
\.‘ > Est. cost of readmissions: ~$44,000,000
b ~
: 0 X0 '%00 “*';c T e



Analysis of Value of Decision System

< Costs, efficacy from studies

For 2008:

> 62,000 visits to ED

> 2,200 readmissions within 30 days

> Est. cost of readmissions: ~$44,000,000




Toward Site-Specific Tnals

< “Clinical trials” of sensing & intervention
strategies

@ Local learning cycle for hospital centers,
e.g., CHF

Sensing &
Monitoring
Trials




Translation: Research to Open \World

Readmissions Manager for
Microsoft Amalga
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Engineenng: Tractability and Tradeoffs
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Predictive Platform Goes Live. . .
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L eaming from In-\World Application

> Data differences - universal schema
> Local train and test cycle
> Quality assurance

o

Predictive Modeling Research

‘//’ \

Predictive Platform

— Predictive Platform
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Example:
ReducinglVledical




Challenge of Medical Enors & Injuries

= Deaths attributed to medical error:

44 000 - 98,000 / year U.S., preventable errors.
“To Err is Human,” Inst. of Medicine, 2000

e Adverse medical events:
13.5% of hosp. Medicare patients, 44% preventable.
Levinson, 2010
e Costs of errors:
$17 to $29 billion per year in U.S.
Thomas, et al., 1999



Medical Enors & Injunes in the News
Ehe New 1Jork Eimes

Health
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Report Finds Most Ervoes at Hospatals Go Unreported
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Direction; Leam to Detect Anomalies

7 \J \J \LJ @ \LJ \LJ

- Train on 4,486 cardiac patients; 30,828 episodes
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Hauskrecht, Valko, Batal, Clermont, Visweswaran, Cooper



Direction; Leam to Detect Anomalies

(J (J - (J () (J ()

- Train on 4,486 cardiac patients; 30,828 episodes

Predictive model:
patient state x = actions a

—
. ﬁ
Patient records

Current patient

. *'I\ ‘/. ! Observed action a*
tate x™ .S

L/

Unusual?

Al

(x = a)

Hauskrecht, Valko, Batal, Clermont, Visweswaran, Cooper



Direction: Forecast Surprises

- Predicts patient will return to ED and be admitted
with unforseen diagnosis.
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Bayati, Braverman, Koch, H.



Dlrectlon | eam to Predict Infection

o 5% resultin death (top 10 cause of death in US)
@ Care costs: ~$20 billion annually
Predicting MRSA < 48 hrs

.-_,.---
- -
-~

'
]
'

L1 0 ) 4
15 - = 20052000 AUC-0D 85115
ALXC=0 5 !
: [ 2000 ALC =0 a2

T.apecicty

Wiens, Guttag, H.



Richer Models & Interventions

< Insights about deeper mechanisms & causality

Prob Patient acquires C. Difficile?

» diabetes = TRUE

+ history of C. Diffi = TRUE
* hospital service = gsg (general surgery)
+ meds= acetylcysteine (n-acetylcys)

* meds = lidocaine hcl

* meds = clindamycin phosphate

Spatiotemporal

_— " models

------

+ attending MD= XXXXXX

* unit=2d
+ CO2 =L (hypocapnea) .
« city = Hyattsville Causallty?

+ employer name = Not Employed
* monocyte percent = H
+ 70<=age<80
M Odels & « whbc = H (white blood cell count)
. + admission procedure = catheterization

| NSI g htS + admission complaint =gastrointestinal
+ last yisi i
* meds = hydromorphone hcl




Representations of Time and Space
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Representations of Time and Space
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Multiple Advances in Health and CS

cardiac death fm G data.
(Syed, et al. 2011) "'A"H"‘A’»‘
A A gl

@ Fusion of immunological & clinical data to elucidate links

between environmental exposure and pedlatrlc asthma.
(Simpson, et al. 2010)

© New i Image analyses linking hlstolog|c features to

prognosis in breast cancer.
(Beck, et al. 2011)

@ New temporal reasoning to predict NICU outcomes from
physiological signals.
(Saria, et al. 2010)




CS Advances and Data Capture in Medicine




CS Advances and Data Capture in Medicine

Hinckley, Pahud, Yatani, et al.



Research Opportunities Ahead

< Data capture: workflow, directed vs. ambient, new
sources (devices, online activities, etc.)

e Data sharing and access: legal, technical

e Richer models: time, space, physiology, psychology
@ Causal influences: from suspicion to cause

e User modeling: display, interaction, intention

@ Active learning: offline & real time

e Transfer learning: time & space

@ Fusing genomic, epigenetic, & clinical data



Enabling Evidence-Based Healthcare

= Multiple scientific challenges ahead
e Data capture & availability as key bottleneck
@ Criticality of multiple threads of CS research

@ Feasibility of enhanced quality at lower cost

On being faithful to the Hippocratic Oath...





